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Abstract
Neighbourhood socioeconomic disadvantage has a profound impact on individuals’ earnings and
life satisfaction. Since definitions of the neighbourhood and research designs vary greatly across
studies, it is difficult to ascertain which neighbourhoods and outcomes matter the most. By con-
ducting parallel analyses of the impact of neighbourhood deprivation on life satisfaction and earn-
ings at multiple scales, we provide a direct empirical test of which scale matters the most and
whether the effects vary between outcomes. Our identification strategy combines rich longitudi-
nal information on individual characteristics, family background and initial job conditions for
England and Wales with econometric estimators that address residential sorting bias, and we
compare results for individuals living in choice-restricted social housing with results for those liv-
ing in self-selected privately rented housing. We find that the effect of neighbourhood deprivation
on life satisfaction and wages is negative for both outcomes and largely explained by strong resi-
dential sorting on both individual and neighbourhood characteristics rather than a genuine causal
effect. We also find that the results overall do not vary by neighbourhood scale.
Keywords
demographics, employment/labour, life satisfaction, longitudinal analysis, neighbourhood, poverty/
exclusion
Corresponding author:
Gundi Knies, Institute for Social and Economic Research
(ISER), University of Essex, Wivenhoe Park, Colchester
CO4 3SQ, UK.
Email: gknies@essex.ac.uk
Received December 2019; accepted August 2020
Introduction
The extent to which neighbourhood socio-
economic deprivation impacts on individual
wellbeing, a phenomenon commonly known
as ‘neighbourhood effects’, has been the
focus of much scholarly debate and empiri-
cal research in the social sciences. While it is
widely acknowledged that where people live
can have a profound impact on their well-
being, quantifying the importance of neigh-
bourhood effects is very challenging because
of the complex processes of residential self-
selection and neighbourhood-specific corre-
lated effects (see e.g. Duncan et al., 1997;
Durlauf, 2004; Manski, 1995; Sampson
et al., 2002). There also is the challenge of
identifying the spatial scale(s) over which the
specific neighbourhood effect under investi-
gation may operate (Galster, 2008; van Ham
and Manley, 2012). Neighbourhood defini-
tions abound in the empirical literature;
however, the choice of unit used is often not
informed by theoretical considerations (Dietz,
2002: 541) but instead dictated by ‘conveni-
ence and pragmatism’ (van Ham and Manley,
2012: 2791); localities are lifted ‘off the shelf’
and may lack the characteristics through
which neighbourhoods may affect individual
outcomes: the bonds between people and
places created by time and events, which
influence the social organisation and architec-
tural design of the local community.
There have been promising developments
in how research can better operationalise the
‘neighbourhood’ in neighbourhood effects
research, even using ‘off the shelf’ units. The
first development is the use of ‘bespoke’
neighbourhoods. These define a neighbour-
hood area based on the distance from a spe-
cific point, or as the number of people
situated nearest to a specific location (e.g.
home postcode). Compared with using stan-
dard administrative geographies, such
‘bespoke’ neighbourhood characteristics are
regarded as capturing better the environ-
ment surrounding each individual and, by
placing the individual at the centre of the
neighbourhood, the risk of biased estimates
resulting from boundary effects is reduced
(Hedman et al., 2015: 200). The second
development is the more meaningful delinea-
tion of official spatial reporting units at
immediate scales. In Britain, new boundaries
were delineated for the 2001 population cen-
sus based on spatial proximity, natural
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boundaries as well as homogeneity of dwell-
ing type and tenure so that aggregations to
areas of around 600 households (~1500 peo-
ple, so-called Lower Super Output Areas,
LSOAs) would refer to localities that local
people conceive as neighbourhoods. LSOAs
are ‘substantially smaller and more intern-
ally homogenous than the area geographies
that have been relied upon by many previ-
ous studies, enhancing our ability to uncover
evidence of neighbourhood processes oper-
ating within local communities’ (Sutherland
et al., 2013: 1055–1056).
Much British neighbourhood research
since 2001 has relied on neighbourhood
characteristics at the LSOA level (see e.g.
Platt et al., in press). It remains an empirical
question, however, whether these units are
the most appropriate scales for measuring
all types of neighbourhood effects. With
over a dozen distinct effect mechanisms
identified, ranging from social interactive to
environmental, geographical and institu-
tional mechanisms (Galster, 2012), it would
seem reasonable to expect many different
scales to be important for individual well-
being: neighbourhoods, because of varia-
tions in peer groups, social organisations
and social networks; political jurisdictions,
because of variations in health, education,
recreation and safety programmes; and met-
ropolitan areas, because of providing loca-
tions of employment of various types and
skill requirements (Galster, 2005). We may
expect social interaction effects to operate at
smaller scales than the 1500 people in the
LSOA, for example, since ‘150 to 250 peo-
ple can maintain [the] close, personal inter-
action’ and ‘400 to 600 can maintain [the]
more casual form[s] of interaction’ (Talen,
2019: 17) which underpin effects based on
(possible) interacting with others. By con-
trast, when examining institutional effects
that may manifest through local council
policies or geographical effects such as
labour market competition, neighbourhoods
defined at broader spatial scales may be
more relevant (Andersson and Musterd,
2010: 27; Petrovic et al., 2019).
The most direct approach to test empiri-
cally ‘which scale matters’ is to conduct par-
allel analyses of a particular outcome using
neighbourhood indicators measured at dif-
ferent scales. Ideally, such an approach con-
siders multiple outcomes where the effect of
the neighbourhood may be expected to tran-
spire at different scales. This is the approach
we will adopt here, focusing on the effect of
neighbourhood deprivation on earnings and
life satisfaction. We draw on rich individual-
level panel data for England and Wales
linked with information from census records
for 2001 and 2011. We have longitudinally
harmonised the census data for output areas
in 2001 and defined neighbourhood depriva-
tion at multiple bespoke scales. The
approach combines the advantages of well-
defined neighbourhood units at very small
scales with that of using egocentric neigh-
bourhoods. Moreover, we address key iden-
tification challenges by using a wealth of
background information from the longitudi-
nal survey, including individuals’ residential
location at different points in time, and
explore how much of the effect of neigh-
bourhood deprivation is due to unobserved
characteristics of both individuals and
neighbourhoods. We find that people who
live in more deprived areas are less satis-
fied with their lives and that they have
lower earnings; however, the negative
association between neighbourhood depri-
vation and wellbeing is largely due to non-
random selection into neighbourhoods
and not a genuine causal effect. We also
do not find evidence for variation in the
size of the neighbourhood effect across
spatial scales.





The neighbourhood effects literature is vast
and has been widely reviewed across disci-
plines (e.g. Dietz, 2002; Diez Roux and
Mair, 2010; Durlauf, 2004; Friedrichs et al.,
2003; Galster, 2008; Sampson et al., 2002;
van Ham and Manley, 2012). We contribute
to existing reviews with a focus on how the
empirical research has defined neighbour-
hoods, how effects vary by neighbourhood
scale and how the research accounted for the
various sources of unobserved differences
between both individuals and neighbour-
hoods, including non-random selection into
neighbourhoods. Methods to address resi-
dential selection bias include restricting the
sample to individuals for whom residential
location is exogenous (e.g. Dujardin et al.,
2009; O’Regan and Quigley, 1996), exploit-
ing information from quasi-random housing
assignment programmes (e.g. Chetty et al.,
2016), or implementing fixed effects (e.g.
Knies, 2012), propensity score (Brännström,
2004) or instrumental variables estimators
(e.g. Dujardin and Goffette-Nagot, 2010). A
small number of studies have modelled resi-
dential mobility directly by combining the
estimation of a discrete choice model of
neighbourhood selection with the posterior
estimation of the neighbourhood effect
model (Hedman et al., 2011; van Ham et al.,
2018). Comparing results across estimation
strategies suggests that studies that ignore
individual self-selection into neighbourhoods
tend to find sizeable neighbourhood ‘effects’,
while those implementing some correction
for selection bias or using experimental
designs do not. Findings of neighbourhood
effects, therefore, need to be discussed
regarding how rigorously residential selec-
tion bias has been addressed.
Reviews of the empirical and theoretical
literature provide little guidance on which
neighbourhood effect operates at which scale
and empirical studies have looked for each
type of neighbourhood effect at ‘very small’
(\500 people) to ‘very large’ (.100,000
people) neighbourhood scales (Knies et al.,
2020). A number of British studies compared
the importance and intensity of neighbour-
hood effects at bespoke neighbourhood
scales ranging from the nearest 500 to 10,000
people.1 Buck (2001), using enumeration
areas from the 1991 census as building
blocks, found a negative impact of neigh-
bourhood deprivation on a range of socio-
economic outcomes at all scales but with
diminishing intensity as the neighbourhood
boundaries expanded. Residential selection
bias was not considered. Similar bespoke
neighbourhood data have been linked to
British surveys to examine income transi-
tions (Bolster et al., 2007), voting patterns
(Johnston et al., 2004) and mental health
(Propper et al., 2005), providing further
empirical evidence on the importance of the
socioeconomic and demographic composi-
tion of the neighbourhood for individual
behaviour and wellbeing, particularly at the
most immediate neighbourhood scales. Our
study, too, will adopt this approach.
Neighbourhood effects on life satisfaction
To our knowledge, no study has investigated
how neighbourhood deprivation affects life
satisfaction in Britain. A number of studies
based on individual panel data for other
countries have examined the effect of related
markers of neighbourhood socioeconomic
status on life satisfaction and tested for
social interactive neighbourhood effect
mechanisms. Knies et al. (2008), defining
neighbourhoods as postcode areas with an
average population of ~9000 people in
Germany, found sizeable negative effects of
living amongst more affluent neighbours in
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cross-sectional models but not in models
that controlled for individual-level unob-
served heterogeneity. When defining neigh-
bourhoods at the much more immediate
scale of street-sections (~25 households on
average), the negative effect was robust in
models that controlled for unobserved indi-
vidual heterogeneity, and in models that
additionally focused on non-movers (i.e.
absorbing neighbourhood fixed effects), see
Knies (2012). Dittmann and Goebel (2010)
operationalised neighbourhoods in Germany
as blocks of houses with an average of 8 to
25 households. Their analysis found that
people are more satisfied with their lives
when their own social status is higher than
their neighbours’ status and vice versa. The
findings were largely robust to the addition
of individual fixed effects, albeit somewhat
smaller. Similar effects of neighbourhood
social rank on satisfaction with one’s earn-
ings were found for small neighbourhoods
comprising 150–600 households in Denmark
(Clark et al., 2009). Shields et al. (2009) stud-
ied the relationship between life satisfaction
and several markers of neighbourhood
socioeconomic deprivation using Australian
panel data, operationalising neighbourhoods
as census areas comprising ~250 households.
The analysis showed that some factors asso-
ciated with greater neighbourhood disadvan-
tage (i.e. living in a neighbourhood with
higher concentrations of immigrants and of
single parents) were negatively associated
with life satisfaction, while other measures
(i.e. unemployment, homeownership, pro-
portion professional workers and proportion
older population) were not.
We may conclude from these studies that
neighbourhood disadvantage does affect life
satisfaction but the direction of the effect
may be scale-dependent: in the most tightly
drawn neighbourhoods affluence rather than
deprivation may hurt (despite richer neigh-
bourhoods offering, in all likelihood, higher-
quality amenities).
Neighbourhood effects on earnings
A number of studies have used a multiscale
approach to test for differences in the size of
the neighbourhood effect on individual earn-
ings, predominantly using Swedish register
data. Andersson and Musterd (2010) found
that the effects of neighbourhood socioeco-
nomic disadvantage were most pronounced
at the scale of 400–600 people (i.e. Small
Area for Market Statistics, SAMS) and sta-
tistically not significant at the larger munici-
pality level. In areas targeted by local
regeneration policies, characteristics at the
block level (i.e. ~40–60 households) were
most important. In related studies, the
authors showed that the proportion of low-
income males in the SAMS, too, reduces
labour-income, and this was robust to
absorbing time-invariant unobserved indi-
vidual characteristics and to restricting the
analysis to non-movers (Galster et al., 2008);
Galster et al. (2015) went on to show that
the effect of low-income neighbours is non-
linear, increasing sharply when the propor-
tion of low-income neighbours exceeds 40%.
The importance of neighbourhood effects on
earnings appears quite small, however.
Brännström (2005) found that the level of
neighbourhood income during childhood at
the scale of census tracts and parishes
explained only ~1% of the variance in indi-
vidual earnings, while childhood income at
slightly smaller scales explained none of the
variance in earnings during adulthood
(Lindahl, 2011). Neighbourhood effects may
also work in opposite directions at different
scales. Mellander et al. (2017) found that the
effect of higher-skilled neighbours was posi-
tive and sizeable for the block and SAMS
scales, and negative and minute for the
municipality and local labour market scales.
Compared with the richness of Swedish
studies, empirical evidence for Britain is
scant. Bolster et al. (2007) examined the
association between neighbourhood disad-
vantage and income growth drawing on
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bespoke neighbourhood data linked to panel
data from the British Household Panel
Survey (BHPS) for Britain for the period
1991–2000. The study adopted a fixed effects
modelling framework and found no neigh-
bourhood effects on income growth over
one, five and ten years, nor much scale-
dependency. For property owners and cou-
ples, however, there was a small and positive
effect of neighbourhood disadvantage on
subsequent income growth, and this was
most marked when neighbourhoods were
defined as bespoke areas with a minimum
population size of 500. For owners, neigh-
bourhood selection may be particularly
marked, and the fixed effects approach does
not remove bias associated with residential
sorting on time-variant unobserved charac-
teristics of individuals (e.g. Hedman et al.,
2015). However, Propper et al. (2007) found
that neighbourhood disadvantage at the 500-
neighbours scale also significantly reduced
the income in the following years of social
renters, who have a very limited residential
choice.
In sum, the empirical literature is some-
what inconclusive about the scale and direc-
tion of the effect of neighbourhood
disadvantage on life satisfaction and earn-
ings, but the effect size generally is reduced
or wiped out once non-random selection
into neighbourhoods is accounted for. By
conducting parallel analyses of the impact of
neighbourhood deprivation on life satisfac-
tion and earnings, we provide a direct
empirical test of which scale matters the




We employ regression models to estimate
the effect of neighbourhood deprivation on
life satisfaction and earnings. The analysis
proceeds in four stages. To set the scene, we
estimate wellbeing models – one for each
bespoke neighbourhood scale – which
account for individual heterogeneity in basic
demographic and socioeconomic characteris-
tics but do not attempt to address the main
identification challenges discussed earlier. In
the second through fourth stages, we apply
methods that help address the identification
issues to get an unbiased and consistent esti-
mate of the effect of neighbourhood depriva-
tion on individual wellbeing. The remainder
of this section describes these stages.
We start by adopting a standard model
that assumes that exogenous individual and
neighbourhood characteristics have a direct
impact on the level of wellbeing:
Yit =a+b
0Xit + g
0Nj ið Þt + eit ð1Þ
where i denotes individuals, j neighbourhoods
and t time. Individual wellbeing Yitð Þ is a
function of individual characteristics (Xit)
and neighbourhood characteristics (NjðiÞt)
that have been shown to influence wellbeing,
and the error (eit). This model is implemented
using the pooled ordinary least squares (OLS)
estimator. As we are working with panel data,
all standard errors are adjusted for clustering
on individuals and for heteroscedasticity.
In the first stage, we include a standard
set of individual demographic and socioeco-
nomic characteristics and area characteristics
that may otherwise confound the association
between neighbourhood deprivation and
wellbeing. For instance, ethnicity is a robust
predictor of life satisfaction and earnings
(Brynin and Güveli, 2012), and macro trends
in labour markets affect both wellbeing out-
comes as well as area levels of deprivation.
Next, we gauge the importance of neigh-
bourhood selection on a set of observable
characteristics relating to family back-
ground. As parents play a major role in
helping their children to set up homes of
their own, we include measures of parental
socioeconomic status (i.e. the higher of the
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mother’s or father’s social class when the
respondent was aged 14) and of their own
socioeconomic status when entering the
labour market (i.e. the social class of the first
job after leaving full-time education). The
conjecture is that these factors, dubbed here
as ‘initial conditions’, will impact the initial
neighbourhood choice and that the effects of
previous choices will linger to impact on the
current level of wellbeing (Hedman et al.,
2015; Sharkey and Elwert, 2011).
Nevertheless, there may be other unob-
served individual characteristics (e.g. resi-
dential preferences) and neighbourhood
conditions correlated with area deprivation,
leading to inconsistent estimates of the effect
of neighbourhood deprivation on wellbeing.
Furthermore, in the case of individual earn-
ings, there may be simultaneity bias because
individuals and households with lower earn-
ings generally cannot afford to live in the
most sought-after neighbourhoods and
hence may have to live in more deprived
areas.
An advantage of the panel nature of our
data set is that it allows us to separate indi-
vidual unobserved factors that are time-
invariant from those that are not. Equation
(1) may be extended to
Yit =a+b
0Xit + g
0Nj ið Þt +vi +mit ð2Þ
where vi captures individual-specific time-
invariant features. In the economics litera-
ture, the fixed effects approach is typically
operationalised using the within panel esti-
mator, but the correlated random effects
estimator shares the advantages of the fixed
effects approach, as shown by Mundlak
(1978), is more efficient than the fixed effects
estimator and allows us to examine the
effects of time-invariant characteristics (Bell
et al., 2019).2 Thus, we implement the mod-
els using the random effects estimator and




+ g0Nj ið Þt +q
0 Nj ið Þ+vi +mit
ð3Þ
All models are estimated using the xtreg
command in Stata 15. Next, just as individ-
ual fixed effects allow us to take into account
spatial sorting on time-invariant unobserved
features, there may be unobserved aspects of
neighbourhoods that not only make them
(un)attractive places to live but which may
also be correlated with neighbourhood
deprivation. To account for neighbourhood-
specific features, we add the component rj to
Equation (2) and estimate the following two-
way fixed effects model:
Yit =a+b
0Xit + g
0Nj ið Þt +vi + rj +mit
ð4Þ
We use the procedure developed by Correia
(2017) to deal with the large number of
fixed effects able to be estimated in our data.
This approach allows us to show how
much the effect of neighbourhood depriva-
tion may be biased because of correlated
unobserved neighbourhood characteristics
but precludes reporting of time-invariant
characteristics.
Robustness tests
To test the sensitivity of our results to
omitted sources of selection bias unac-
counted for in our models, we apply a set of
sample restrictions and repeat the same
model specifications and statistical estima-
tors. We contrast the estimation results for
individuals living in social housing against
results for those living in private rented
accommodation. We argue, as others have
before us (Propper et al., 2007; Weinhardt,
2014), that residential location is essentially
exogenous for social renters in England and
Wales. Although local authorities tend to
have some form of choice-based allocation
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schemes with general priority rules, because
of the shortage of social housing social ren-
ters have a very limited choice in selecting
neighbourhoods or moving from the initial
residential allocation. In contrast, for private
renters, the residential choice is likely to be
endogenous as they can and do move around
more freely and across a greater range of dif-
ferent neighbourhoods. Consequently, we
will consider social renters as ‘less selected’
and private renters as ‘more selected’ and
would expect the associated biases to be atte-
nuated in these samples. Moreover, and
despite social housing allocation not being
fully random, we would not expect marked
differences between the pooled OLS and the
fixed effects estimates for social renters
because unobserved individual factors
should not have played a role in determining
the housing allocation.3
Data
Individual wellbeing outcomes and control
variables
We use individual-level panel data from the
first six waves of Understanding Society
(University of Essex et al., 2018). The panel
study started in 2009 with a nationally repre-
sentative, stratified, clustered sample of
around 30,000 households in the UK and
was enhanced further in the second and sixth
waves when the continuing sample, around
8000 households-strong, of the BHPS and a
new immigrant and ethnic minority boost
(IEMB), respectively, were added. The
annual face-to-face survey collects informa-
tion about various aspects of people’s lives,
including education, employment, income
and health. All members of the household
aged 16 and above are eligible for an inter-
view. Overall, 76,151 individuals provided a
full interview in the first six rounds of annual
interviews, offering 292,322 person-year
observations.
Our outcome variables of interest are life
satisfaction – a reflective appraisal of how
well life is going and has been going (Argyle,
1999), and hourly wage. The life satisfaction
measure is the response to the question
‘How satisfied are you with life overall?’
with responses ranging from 1 ‘completely
dissatisfied’ to 7 ‘completely satisfied’. The
hourly wage measure is derived from the
ratio between usual gross monthly salaries
(including any overtime compensation,
bonuses, commission, tips and tax refund
before any deduction) and hours normally
worked and overtime for individuals in paid
employment (excluding self-employment).
All models include basic socioeconomic
and demographic controls that have been
linked to the two wellbeing outcomes, namely:
age, gender, ethnicity, whether the respondent
was born in the UK, marital status, presence
of children in the household, highest educa-
tional qualification, social class and the current
main economic activity status. In the life satis-
faction models only, we additionally include
net equivalent household income.
Bespoke neighbourhoods and spatial
controls
We used the postcode of survey members’
addresses to link to geocoded information at
the output area level from the Census 2001
and 2011 for England and Wales to define
the bespoke geographies employed in the
research. We addressed, inasmuch as is feasi-
ble, changes in output area boundaries across
the two censuses (see Technical Appendix,
available online) and created bespoke neigh-
bourhoods by aggregating the longitudinally
harmonised output areas (OAs) 2001 and
2011 (henceforward: OA) closest to the
respondents’ residential postcode until the
pre-defined population threshold (i.e. the
nearest n population, where n = 500, 1000 .
10,000 in intervals of 1000) was reached.
Whilst this follows the standard procedure for
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creating bespoke areas, we preserved the
nested structure of census areas by restricting
the nearest OA to those from the same LSOA
in the first instance. Once exhausted, we
picked from the nearest OA in a different
LSOA in the same Middle Layer Super
Output Area (MSOA); then moving to a dif-
ferent MSOA in the same local authority, and
so on until the predefined population thresh-
olds were crossed.4
Our key measure of interest is neighbour-
hood deprivation. Following precedents in
the empirical literature, and to allow us to
relate our findings more closely to Buck’s
(2001) foundational work on neighbourhood
effects for multiple outcomes and at multiple
scales, we use the Townsend Deprivation
Index (Townsend et al., 1988). The index
summarises four census indicators at the
neighbourhood scale: (1) proportion of eco-
nomically active residents who are unem-
ployed (logged), (2) proportion of residential
households who do not own a car or van,
(3) proportion of households not in owner-
occupied accommodation, and (4) propor-
tion in overcrowded households (logged).5
We used the aggregated values for all OAs
involved in the respective bespoke neigh-
bourhood in 2001 and 2011 to forecast the
neighbourhood characteristics in the study
period (using compound annual growth
rates).6 The components are standardised
and then summed. To provide a more realis-
tic depiction of the local context of a given
neighbourhood, we standardised the index
using the local authority mean and standard
deviation in deprivation. Higher values indi-
cate greater relative deprivation and a value
of zero represents the average level of depri-
vation in the local authority area.
Models additionally take into account
conditions at higher spatial scales that may
influence individual wellbeing and may be
confounded with neighbourhood depriva-
tion: whether the respondent lives in England
or Wales, the national and local unemploy-
ment rate and an area classification.
Linkage of the panel data with geographi-
cally coded data necessitated the sample to
be restricted to respondents with a valid
postcode who live in England and Wales.
The IEMB sample was dropped for lacking
longitudinal information. We also restricted
the analysis to those aged 16–74 years and
removed observations whose hourly wages
fell short of the age- and year-specific
national minimum wage (which ranged from
£3.30 to £7.20 in the period studied), or
whose wages were 25% higher than the 99th
percentile. Otherwise, all cases with complete
information are included in the analysis. The
subsample with wages is somewhat younger,
slightly more educated and lives in slightly
less relatively deprived neighbourhoods than
the general population considered in the life
satisfaction models (see Supplemental
Material A2, available online).
Results
Full sample results
Table 1 reports the results of the pooled OLS
regressions of life satisfaction and hourly
wage on individual demographic, socioeco-
nomic and area structural characteristics.
Neighbourhood deprivation is measured at
the smallest scale (i.e. the longitudinally har-
monised output areas, OA).
Consistent with previous research, we find
that life satisfaction is U-shaped in age and
negatively associated with minority ethnic
group membership, unemployment, lower
levels of income, education and poorer
health (Diener et al., 1999; Knies et al., 2016;
Layard et al., 2014). Earnings are positively
associated with age, higher levels of educa-
tion, higher-status occupations and majority
ethnic group membership, as predicted by
labour and education economics. The major-
ity of factors influence life satisfaction and
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Table 1. Pooled OLS regression of life satisfaction and hourly wage on neighbourhood deprivation at the
output area scale.
Life satisfaction Hourly wage (log)
b-coef. T-stat b-coef. T-stat
Individual socio-demographics
Age 20.09 230.55* * * 0.04 29.99* * *
Age squared 0.00 29.14* * * 20.00 225.43* * *
Female 0.07 6.15* * * 20.18 235.37* * *
Ethnicity (ref. White British)
Caribbean/African Black 20.15 23.93* * * 20.02 21.41
Asian 20.18 26.35* * * 20.08 26.31* * *
Other 20.14 24.84* * * 0.02 1.49
Born in UK 20.05 22.07* 0.04 3.84* * *
Marital status (ref. single)
Married/cohabiting 0.30 15.40* * * 0.05 6.95* * *
Divorced/separated 20.10 23.39* * * 0.02 1.62
Widowed 0.02 0.52 0.07 2.52*
Educational qualification (ref. degree)
Other higher degree 20.06 22.87* * 20.15 218.12* * *
A-level, etc. 20.09 25.09* * * 20.19 224.69* * *
GCSE, etc. 20.11 26.16* * * 20.26 231.85* * *
Other or no qualification 20.12 25.91* * * 20.32 232.69* * *
Own social class (ref. managerial/professional)
Intermediate 20.06 23.55* * * 20.26 237.16* * *
Routine 20.06 23.55* * * 20.38 257.22* * *
No paid job 20.23 27.20* * *
Economic status (ref. employed)
Unemployed 20.35 29.26* * *
Retired 0.37 10.65* * *
Othera 20.15 24.87* * *
Household income (log)b 0.17 14.00* * *
Child(ren) in household 0.06 4.64* * * 0.02 3.37* * *
Long-term illness 20.48 240.01* * * 20.03 26.87* * *
Spatial measures
Neighbourhood deprivation 20.07 210.84* * * 20.05 217.72* * *
Spatial control variables
Lives in England and Wales (ref. England) 20.03 21.23 20.03 23.05* *
National unemployment rate 0.02 2.95* * 20.03 216.61* * *
Local unemployment rate 20.01 22.94* * 20.01 212.17* * *
Area classification (ref. inner London)
Outer London 20.03 20.82 20.04 22.60* *
West Midlands 20.04 20.95 20.15 28.79* * *
Greater Manchester 0.07 1.67 20.18 210.67* * *
West Yorkshire 0.09 2.08* 20.21 210.36* * *
Liverpool 0.10 1.49 20.20 27.76* * *
Tyneside 0.09 1.68 20.19 29.08* * *
South Yorkshire 0.00 0.08 20.23 210.02* * *
Urban over 250k 0.02 0.62 20.19 213.35* * *
Urban over 100k to 250k 0.06 1.86 20.19 213.49* * *
Urban over 50k to 100k 0.05 1.37 20.19 212.57* * *
Urban over 10k to 50k 0.08 2.46* 20.19 213.26* * *
(continues)
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Table 1. Continued
Life satisfaction Hourly wage (log)
b-coef. T-stat b-coef. T-stat
Urban over 3k to 10k 0.11 2.95* * 20.21 212.12* * *
Rural 0.08 2.37* 20.19 213.35* * *
Constant 5.69 45.07* * * 2.43 73.63* * *
Observations 129,988 64,963
R-squared 0.097 0.450
Notes: aIncludes students and those providing family care or having a long-term illness.
bAdjusted for inflation. Adjusted for household composition using the modified OECD scale.
*p \ 0.05, * *p \ 0.01, * * *p \ 0.001. Robust standard errors.
Source: Understanding Society 2018, Waves 1–6, linked to longitudinally harmonised information from the Census 2001
and 2011 for England and Wales.
Table 2. Regression of life satisfaction and log hourly wage on neighbourhood deprivation at varying
neighbourhood scales and controlling for varying sources of unobserved heterogeneity.
Pooled OLS + Initial
conditions





OA 2001 b-coef. 20.07 20.07 20.06 0.01 0.00
T-stat 210.84 210.11 23.91 0.82 20.07
p-value 0.000 0.000 0.000 0.414 0.948
Bespoke 500 b-coef. 20.07 20.06 20.06 0.01 0.04
T-stat 210.42 29.68 23.46 0.55 0.75
p-value 0.000 0.000 0.001 0.579 0.451
Bespoke 1k b-coef. 20.06 20.06 20.06 0.02 0.08
T-stat 29.94 29.20 23.84 1.06 1.29
p-value 0.000 0.000 0.000 0.291 0.196
Bespoke 2k b-coef. 20.06 20.06 20.04 0.00 0.04
T-stat 29.55 28.82 22.58 20.11 0.62
p-value 0.000 0.000 0.010 0.912 0.533
Bespoke 3k b-coef. 20.05 20.05 20.04 0.00 0.09
T-stat 28.39 27.68 22.47 0.17 1.43
p-value 0.000 0.000 0.014 0.868 0.153
Bespoke 4k b-coef. 20.05 20.04 20.04 0.01 0.06
T-stat 27.75 27.07 22.60 0.47 0.95
p-value 0.000 0.000 0.009 0.637 0.341
Bespoke 5k b-coef. 20.05 20.04 20.04 0.01 0.07
T-stat 27.60 26.93 22.55 0.47 1.08
p-value 0.000 0.000 0.011 0.640 0.279
Bespoke 6k b-coef. 20.04 20.04 20.04 0.01 0.08
T-stat 27.43 26.79 22.64 0.58 1.18
p-value 0.000 0.000 0.008 0.563 0.240
(continues)
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Table 2. Continued
Pooled OLS + Initial
conditions




Bespoke 7k b-coef. 20.04 20.04 20.04 0.01 0.05
T-stat 27.28 26.66 22.76 0.74 0.74
p-value 0.000 0.000 0.006 0.458 0.459
Bespoke 8k b-coef. 20.04 20.04 20.04 0.01 0.08
T-stat 27.28 26.69 22.74 0.73 1.14
p-value 0.000 0.000 0.006 0.466 0.254
Bespoke 9k b-coef. 20.05 20.04 20.04 0.01 0.07
T-stat 27.35 26.78 22.63 0.58 0.88
p-value 0.000 0.000 0.009 0.559 0.380
Bespoke 10k b-coef. 20.05 20.04 20.04 0.01 0.03
T-stat 27.35 26.79 22.58 0.51 0.39
p-value 0.000 0.000 0.010 0.610 0.698
Hourly wage (log)
OA 2001 b-coef. 20.05 20.04 20.04 0.00 0.01
T-stat 217.72 216.56 29.10 20.03 0.73
p-value 0.000 0.000 0.000 0.980 0.463
Bespoke 500 b-coef. 20.05 20.04 20.04 0.00 0.00
T-stat 217.64 216.39 28.17 20.87 0.23
p-value 0.000 0.000 0.000 0.384 0.821
Bespoke 1k b-coef. 20.04 20.04 20.04 0.00 20.03
T-stat 216.90 215.58 27.68 20.52 21.93
p-value 0.000 0.000 0.000 0.600 0.054
Bespoke 2k b-coef. 20.04 20.04 20.03 0.00 20.03
T-stat 216.30 214.96 26.94 20.88 22.03
p-value 0.000 0.000 0.000 0.378 0.043
Bespoke 3k b-coef. 20.04 20.04 20.03 20.01 20.02
T-stat 215.40 214.12 26.03 21.47 21.22
p-value 0.000 0.000 0.000 0.142 0.221
Bespoke 4k b-coef. 20.04 20.03 20.03 0.00 20.02
T-stat 214.84 213.57 25.87 21.27 21.10
p-value 0.000 0.000 0.000 0.205 0.273
Bespoke 5k b-coef. 20.04 20.03 20.03 0.00 20.02
T-stat 214.23 212.99 25.62 21.18 21.28
p-value 0.000 0.000 0.000 0.238 0.201
Bespoke 6k b-coef. 20.03 20.03 20.02 0.00 20.01
T-stat 213.39 212.23 25.37 21.07 20.86
p-value 0.000 0.000 0.000 0.286 0.388
Bespoke 7k b-coef. 20.03 20.03 20.02 0.00 20.02
T-stat 213.04 211.93 25.22 21.12 21.13
p-value 0.000 0.000 0.000 0.264 0.259
Bespoke 8k b-coef. 20.03 20.03 20.02 20.01 20.01
T-stat 212.65 211.61 24.82 21.33 20.46
p-value 0.000 0.000 0.000 0.183 0.649
Bespoke 9k b-coef. 20.03 20.03 20.02 20.01 20.02
T-stat 212.57 211.55 24.37 21.73 20.86
p-value 0.000 0.000 0.000 0.083 0.392
(continues)
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earnings in the same way. Stark contrasts are
found across the two outcomes for the addi-
tional spatial control variables. We find that
living in West Yorkshire and living in areas
with a population of less than 50k are associ-
ated with satisfaction gains compared with
living in Inner London. Hourly wages, by
contrast, are significantly higher in London
and they are particularly low in some of the
areas that had comparatively high life satis-
faction (e.g. West Yorkshire and small towns
of 3k–10k population). While local unem-
ployment is associated with lower life satis-
faction and wages, national unemployment
is associated with higher life satisfaction and
lower wages. The patterns are robust to
swapping the scale at which neighbourhood
deprivation is measured and to accounting
for different sources of unobserved heteroge-
neity (see Supplemental Material A3–A6,
available online).
Table 2 reports the effect of neighbour-
hood deprivation as we swap the deprivation
index at the OA level for that of the nearest
500 through 10k neighbours (top to bottom)
and as we include additional controls for dif-
ferent sources of unobserved heterogeneity
(left to right).
In the pooled OLS regressions, the effect
of neighbourhood deprivation on life satis-
faction and hourly wages is sizeable and
statistically significant at all neighbourhood
scales and for both outcomes: individuals
who live in more deprived neighbourhoods
are less satisfied with life overall and they also
earn less. A standard deviation increase in
deprivation is associated with a 4–7% reduc-
tion in life satisfaction and a 3–5% reduction
in hourly wages. There is little evidence of
variation in effect sizes across scales.
Accounting for initial conditions slightly
attenuates the neighbourhood effect coeffi-
cients, suggesting that parental social class
at age 14 and own social class in the first job
after leaving full-time education account for
some degree of heterogeneity in life satisfac-
tion and earnings. As before, there is little
evidence of variation in effect sizes across
scales.
Absorbing unobserved individual effects
attempts to address endogeneity bias result-
ing from residential sorting on individual
unobserved time-invariant characteristics. It
also allows us to disentangle the longitudinal
(within) effect, which shows how individual
wellbeing co-varies with changes in the level
of deprivation experienced, from the cross-
sectional (between) effect, which reports how
wellbeing varies by level of neighbourhood
deprivation. Consistent with the OLS results,
for the cross-sectional effects (q) we observe
negative and statistically significant
Table 2. Continued
Pooled OLS + Initial
conditions




Bespoke 10k b-coef. 20.03 20.03 20.02 20.01 20.02
T-stat 212.18 211.15 24.15 21.74 20.95
p-value 0.000 0.000 0.000 0.082 0.344
Notes: For complete results see Supplemental Material A3 (pooled OLS, available online), A4 (+ initial conditions,
available online), A5 (+ individual fixed effects, available online) and A6 (+ neighbourhood fixed effects, available
online). Robust standard errors.
Source: Understanding Society 2018, Waves 1–6, linked to longitudinally harmonised information from the Census 2001
and 2011 for England and Wales.
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associations between deprivation and both
wellbeing outcomes, particularly at smaller
scales. However, there is no empirical support
for the conjecture that individuals may
become more satisfied or earn more as they
experience a reduction in deprivation (or vice
versa): All within estimates (g) fail to reach
conventional levels of statistical significance.7
By additionally including neighbourhood
fixed effects, we can account for time-
invariant unobserved heterogeneity at both
the neighbourhood and individual levels. We
observe clear variation in the size of the
deprivation coefficient across spatial scales,
particularly for life satisfaction. The results
are largely in line with those from the previ-
ous less restrictive models: Deprivation is
positively related to life satisfaction and
negatively to wages. Accounting for unob-
served time-invariant neighbourhood char-
acteristics results in a marked yet statistically
insignificant increase in the magnitude of the
effect on life satisfaction. Overall, neither the
effects nor the differences across scales are
statistically significant.8
Robustness tests
We conducted several robustness tests to
assess the stability and validity of the results.
Figure 1 contrasts the coefficients from the
pooled OLS estimates for the ‘less selected’
social renters with the coefficients obtained
from estimations that account for individual-
and neighbourhood-level sources of unob-
served heterogeneity in the full sample (top
Life satisfaction Hourly wage (log)
Social renters compared to all
Social renters compared to private renters
Figure 1. Plot of the effect of neighbourhood deprivation on life satisfaction and hourly wage at different
scales of neighbourhood. Comparison of pooled OLS coefficients for social renters with coefficients from
one- and two-way fixed effects models for the population as a whole (all), and private renters.
Notes: For complete results see Supplemental Material A7.1 (for results on life satisfaction, available online) and
Supplemental Material A7.2 (for results on hourly wage, available online).
Source: Understanding Society 2018, Waves 1–6, linked to longitudinally harmonised information from the Census 2001
and 2011 for England and Wales.
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panel) and the ‘more selected’ sample of pri-
vate renters (bottom panel). Results for life
satisfaction and earnings are presented in the
left and right panel, respectively.
The top-right panel of Figure 1 shows
that the full-sample parameter estimates of
the individual- and two-way fixed effects
models compare relatively well with those
obtained from the pooled OLS in the sample
of social renters (except at the smallest spa-
tial scale). This lends some support to the
approach of correcting for residential sort-
ing on time-invariant individual- and
neighbourhood-specific unobserved charac-
teristics. While the panel shows an apparent
variation in the effect size across spatial
scales, the effect of deprivation on earnings
for social renters is statistically significant
only at scales up to 2k people. Although the
plot suggests there are differences in patterns
across the two wellbeing outcomes, in statis-
tical terms they are the same. The effect of
deprivation on life satisfaction is not statisti-
cally significant in any of the three estima-
tions (i.e. pooled OLS for social renters
compared with individual- and two-way
fixed effects for the full sample) and there is
virtually no variation in the effect sizes
across spatial scales.
The bottom panels compare the same
estimations for the sample of private renters.
Concerning earnings, we observe that the
parameter estimates from the social renters’
pooled OLS and the private renters’ individ-
ual fixed effects models are generally similar
to each other (except at the smallest neigh-
bourhood scale). This indicates that correct-
ing for residential sorting on individual-
specific unobserved characteristics using the
correlated random effects estimator works
well in removing spatial sorting bias.
However, the parameter estimates for the
private renters’ two-way fixed effects model
exhibit a very different pattern (although the
coefficients are only marginally statistically
significant at the scale of 1k people
(p-value = 0.053)). This, in turn, suggests
that there may be other, time-variant,
neighbourhood-specific characteristics con-
founded with area deprivation that are not
accounted for in the restricted sample. We
observe a similar pattern for the parameter
estimates from the life satisfaction models
(albeit the coefficients are not statistically
significant).
Overall, the robustness tests provide
empirical support for our empirical identifi-
cation strategy, which combines rich longi-
tudinal information on individual
characteristics with panel data estimators
that can address residential sorting on time-
invariant individual-specific unobserved
characteristics, as well as, to a lesser extent,
on neighbourhood-specific conditions.
Discussion and conclusion
Reflecting the interdisciplinary nature of the
neighbourhood effects debate and the desire
for reliable causal evidence across a range of
policy areas (Layard, 2005; van Ham and
Manley, 2012), this paper set out to compare
the effect of neighbourhood deprivation on
life satisfaction and earnings, thus synthesis-
ing separate works of literature that have
reached quite different conclusions regard-
ing which neighbourhood scale matters for
wellbeing, and whether or not more affluent
neighbours promote wellbeing. We used rich
panel data linked with longitudinal and scal-
able information from census records for
England and Wales to examine how neigh-
bourhood effects vary across scales and out-
comes and applied various methods to
address the identification challenges arising
from the non-random selection of individu-
als and families into neighbourhoods.
We find negative associations between
neighbourhood deprivation and both earn-
ings and life satisfaction. However, this is
largely due to non-random selection into
neighbourhoods and not a genuine causal
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effect. Unlike previous studies we find no
evidence for variation in the size of the asso-
ciation across neighbourhood scales (across
all model specifications). More specifically,
by adopting a stepwise approach to examin-
ing the role of different sources of unob-
served heterogeneity we could show that the
selection bias in our cross-sectional models
is predominantly due to unobserved time-
invariant individual characteristics rather
than unobserved time-invariant neighbour-
hood characteristics. This is indicated by the
reduction in the neighbourhood effect when
we controlled for heterogeneity in initial
conditions and more so when we addition-
ally absorbed individual fixed effects. The
sizeable and statistically significant negative
cross-sectional effect differed significantly
(in statistical terms, in the life satisfaction
models at all neighbourhood scales and at
scales below the 3k threshold in the wage
models) from the longitudinal effect, which
was essentially zero. Additional absorbing
of neighbourhood-specific time-invariant
effects did not appear to affect the results.
While the results corroborate findings
from quasi-experimental studies, the fixed
effects approach may not be sufficient to
account for all sources of non-random selec-
tion. By focusing on social renters, who in
the British context may be assumed to have
a highly restricted choice over where to live,
we showed that sorting bias may be appro-
priately removed by controlling for individ-
ual and neighbourhood fixed effects. The
observed patterns of neighbourhood effects
amongst social renters matched those
observed in the full sample when selection
on unobserved individual and neighbour-
hood characteristics were taken into account.
However, differences between the one- and
two-way fixed effects models also indicate
that there is additional confounding, specifi-
cally due to time-varying neighbourhood-
specific characteristics. While we cannot
address empirically the issues of additional
sources of unobserved heterogeneity, doing
so would not likely change the main conclu-
sion from our analyses, that is, the effect of
neighbourhood deprivation on life satisfac-
tion and earnings is largely explained by
strong spatial sorting mechanisms and not a
genuine causal effect.
These findings have important implica-
tions for policymaking. Notably, targeting
resources specifically on neighbourhoods
that are characterised by high levels of depri-
vation may not be a more efficient way to
improve residents’ wellbeing than targeting
individuals or households in need irrespective
of where they live (Kline and Moretti, 2014;
Melo, 2017). A focus on disadvantaged indi-
viduals may also be more effective for social
justice and equity because no one is excluded
from support on the basis of their neighbour-
hood not qualifying for area-based support.
Improvements in wellbeing may be achieved
through policies that, for example, increase
long-term employment opportunities avail-
able to disadvantaged individuals, develop
regional labour markets through better con-
nected and more affordable transport net-
works, or raise skill levels. This conclusion is
not, of course, an appeal for policymakers to
dismiss any neighbourhood-basis for policy
intervention: Given the strong correlation
between neighbourhood deprivation and
concentration of disadvantaged groups, local
targeting can still be effective in reaching
large numbers of people in need.
Our analysis is not without limitations.
First, we could examine only a limited set of
neighbourhood characteristics, summarised
in the Townsend Deprivation Index. The use
of different, more precise and timelier mea-
sures of the current and recent neighbour-
hood context may yield different results.
More nuanced indicators may also provide
an opportunity to disentangle specific effect
mechanisms that may operate simultane-
ously at multiple scales, and which may be
cancelling each other out. Of particular
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interest is the examination of effects on ado-
lescents, for whom self-selection into neigh-
bourhoods is not likely to be a source of bias
and mechanisms such as socialisation and
parental control are likely to operate more
intensely. To our knowledge, no studies of
neighbourhood effects on adolescents have
adopted a bespoke neighbourhood approach
to ascertain the underlying mechanisms.
Second, we focused on contemporaneous
neighbourhood effects and did not examine,
for example, whether living in a neighbour-
hood that remains privileged over years or
living in an area that has recently undergone
gentrification makes a difference to well-
being. Instead, our analyses show whether,
and to what extent, deprivation in an aver-
age neighbourhood affects an average per-
son. Third, our paper assumes a linear
relation between neighbourhood deprivation
and two wellbeing outcomes but further
work is to be done regarding possible non-
linear neighbourhood effects and concentrat-
ing on a greater range of outcomes that may
be the focus of policy interventions.
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Notes
1. Justifications for using 10k as the largest
threshold are not provided, but it coincides
with the rural–urban threshold used in offi-
cial statistics. Our sensitivity analyses showed
no difference in the results overall for those
living in metropolitan and non-metropolitan
areas, or when we dropped respondents living
in rural areas (for whom the 10k area by defi-
nition covers two or more physically discon-
nected settlements).
2. Some neighbourhood studies have adopted
this approach, for example, Knies (2013) and
Hedman et al. (2015).
3. Residential selection may also be captured by
respondents’ stated preference to move from
the neighbourhood (Knies et al., 2016). The
claim of limited residential selection is more
convincing in the ‘social housing’ case than in
the ‘prefer to move’ case, but the results over-
all hold for both restrictions (results available
from the authors on request). For more





4. Nesting within LAD boundaries means we are
increasing potential boundary effects; individu-
als who live close to the boundary of their
LAD may be influenced by the context in
neighbouring LAD(s), in particular, if councils
collaborate in delivering wellbeing-relevant ser-
vices. To alleviate these concerns, we also com-
puted bespoke neighbourhoods without LAD
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restriction. The results are essentially the same.
As similarity in status is a key requirement for
neighbours to identify and be identified as a
social unit, we prefer the nested approach
which ensures the most similar OAs are aggre-
gated with higher priority.
5. The index may measure deprivation in the
2010s less well than it did in the 1980s but
alternatives such as the Index of Multiple
Deprivation are not measured consistently
through time and cannot be scaled up.
6. The interpolation implies that some neigh-
bourhoods in 2009–2016 have a population
size that varies significantly from that
observed in 2001, see Supplemental Material
A1, available online.
7. Formal tests show that the within and
between effects are different at neighbour-
hood scales below 2k for life satisfaction and
at all but the 10k scale for earnings, see
Supplemental Material A5, available online.
8. Identification of the neighbourhood effect is
based on changes in deprivation experienced
by those who moved to a different neighbour-
hood (N = 4566).
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